In the present study, Deep Learning (DL) algorithm or Deep Neural Networks (DNN), one of the most powerful techniques in Machine Learning (ML), is employed for estimation of ultimate load factor of nonlinear inelastic steel truss. Datasets consisting of training and test data are created based on advanced analysis. In datasets, input data are the member cross-sections of the truss members and output data is the ultimate load factor of the whole structure. An example of a planar 39-bar steel truss is studied to demonstrate the efficiency and accuracy of the DL method. Five optimizers such as Adadelta, Adam, Nadam, RMSprop and SGD and five activation functions such as ELU, LeakyReLU, Sigmoid, Softplus, and Tanh are considered. Based on analysis results, it is proven that DL algorithm shows very high accuracy in the regression of the ultimate load factor of the planar 39-bar nonlinear inelastic steel truss. The number of layers can be selected with a small value such as 1, 2 or 3 layers and the number of neurons in each layer can be chosen in the range [N i , 3N i ] with N i is the number of input variables of the model. The activation functions ELU and LeakyReLU have better convergence speed of the training process compared to Sigmoid, Softplus and Tanh. The optimizer Adam works well with all activation functions considered and produces better MSE values regarding both training and test data.
Introduction
Classical methods for design of steel structures are based on two main steps, where an elastic analysis is used first to calculate the forces in each structural member and then the safety of each member is checked using strength equations, that are inelastic analyses to account for nonlinear effects, by assuming each member as an isolated member. Obviously, these methods do not consider directly structural nonlinear behaviors and their member separate check cannot make sure the compatibility between the members and whole structure. Therefore, although these methods yield acceptable solutions for design of structure and save lots of computational efforts, they have been gradually being replaced by advanced analysis methods [1] [2] [3] [4] which can account for geometric and material nonlinearities directly and model complex contact conditions. Advanced analysis methods can also predict = asymptotic lower stress limit. and = parameters based on ( ) of compressive member.
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Stress-strain constitutive model The incremental form of equilibrium equation for a truss element is expressed as [27] , (10) in which and are the initial nodal element forces at previous and current configurations, respectively; and are the elastic and geometric stiffness matrices, respectively; and, , and are the higher-order stiffness matrices. The detail of these matrices can be found in Ref. [4] . Figure 1 . Stress-strain constitutive model
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Advanced analysis for calculating ultimate load factor of steel trusses
The stress-strain curve proposed by Blandford [26] presented in Fig. 1 is employed to perform the constitutive model since it includes most important behaviors of material such as: elastic, elastic and inelastic post-buckling, unloading and reloading. Compressive stress is positive in this figure. The equations of the parts of the stress-strain curve in Fig. 1 as follows:
-Part (a):
-Part (e): σ = Eε for |ε| < ε y
-Part (f): |σ| = σ y for |ε| ≥ ε y
-Part (g):
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The notations in the above equations are defined as follows: σ is axial stress; ε is axial strain; E is elastic modulus; ε ib is axial strain at the beginning point of inelastic post-buckling; σ y is yield stress; ε y is yield strain; σ cr is Euler critical buckling stress, σ cr = π 2 EI AL 2 ; ε cr is Euler critical buckling strain, ε cr = σ cr E ; A is cross-section; I is inertia moment of weak axis; L is length of the member; σ k = σ y if yielding occurs and σ k if the elastic buckling occurs; ε k = ε y if yielding occurs and ε k if the elastic buckling occurs; σ l is asymptotic lower stress limit; X 1 and X 2 are parameters based on (L/r) of compressive member.
The incremental form of equilibrium equation for a truss element is expressed as [27] (
in which 1 f and 2 f are the initial nodal element forces at previous and current configurations, respectively; [k E ] and [k G ] are the elastic and geometric stiffness matrices, respectively; and, [s 1 ], [s 2 ] and [s 3 ] are the higher-order stiffness matrices. The detail of these matrices can be found in [4] .
Deep learning in artificial neural network
As mentioned above, DL algorithms or deep neural networks (DNN) are effectively used in handling both regression and classification problems. Due to the training data features, DNN model can be classified as (1) supervised learning, (2) unsupervised learning, and (3) semi-supervised learning. For the estimation problems of steel trusses considered in this study, the supervised learning is employed since the input and output data are determined. In the supervised learning algorithm, feedforward neural networks (FNN) using backpropagation (BP) algorithm are commonly used. The FNN basic issues using BP algorithm are indicated in the following sections.
Supervised learning
In supervised learning form, the training data is given in an expression as follows:
where X i is the input vector of the data i th or the feature vector of the data i th ; Y i is the output vector or the label of the data i th ; N is the number of data samples. In the supervised learning algorithm, the correct answers are given; therefore, the training process results can be controlled by minimizing the error between the predicted and exact values. As an example, with the input X i , the predicted result Y i is given by the training model. To enhance the training model, the optimization process is used to minimize the mean-square error function which is given as follows:
Feedforward neural network
In the FNN, there are many layers and each layer has many units. Each layer includes connections to the next layer. The first layer plays the role of the input layer where each unit in this layer is a data feature. The last layer plays the role of the output layer, in which each unit is a data label. Remaining layers are the hidden layers and they play the role of transferring the important features from the input 
where is the input of the unit of the layer; is the weight at the connection between the unit of the layer and the unit of the layer; is the number of units of the layer. In each layer, to transform the input signal to the output signal in the unit, an activation function is employed as below:
where is the output of the unit in the layer. It is noted that the users should choose the suitable activation functions to obtain the best result for their problems.
In the supervised learning algorithm, to evaluate the accuracy of the training model, loss functions, which are computed based on the predicted output and the exact output of the model, are employed. Several common loss functions are mean_squared_error, mean_absolute_error, mean_absolute_perccentage_error, etc. In the present work, we use mean_squared_error loss function which is
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...... w 11 (1) w 11 (2) w IJ (1) w JK (2) w KH (3) w 11 (3) Input layer Hidden layer 1 Output layer Hidden layer 2 Figure 2 . An FNN with two hidden layers layer to the output layer. An example of a fully connected FNN with 2 hidden layers is described in Fig. 2 .
The input of an unit is computed based on the weight function, which can be mathematically stated as follows:
i is the input of the i th unit of the j th layer; w ( j) li is the weight at the connection between the unit l th of the ( j − 1) th layer and the i th unit of the j th layer; N ( j−1) unit is the number of units of the ( j − 1) th layer. In each layer, to transform the input signal to the output signal in the unit, an activation function f () is employed as below: v
where v ( j) i is the output of the i th unit in the j th layer. It is noted that the users should choose the suitable activation functions to obtain the best result for their problems.
In the supervised learning algorithm, to evaluate the accuracy of the training model, loss functions, which are computed based on the predicted output and the exact output of the model, are employed. Several common loss functions are mean_squared_error, mean_absolute_error, mean_absolute_perccentage_error, etc. In the present work, we use mean_squared_error loss function which is expressed in Eq. (10) . The objective of a training process of an DNN model is to minimize the loss function.
Backpropagation algorithm
In the BP algorithm, the objective function is loss function, while design variables are the weight parameters. The purpose of an DNN model training process is to find the optimal weight parameters in which the loss function is minimum. In order to optimize the weight parameters, the BP algorithm is commonly utilized based on the gradient descent method. In multilayer FNN, an BP algorithm is employed to compute the effect of each weight corresponding to loss function. The weight parameters can be revised in the BP algorithm based on the gradient descent method given as follows:
where W ( j) is the weight parameters matrix of the j th epoch; ε is a learning rate employed to control the weights ratio adjusted; µ is a momentum parameter utilized to maintain the influence of the previous changes of the weights on the current movement direction in weight space.
Deep learning model for estimating ultimate load factor of steel trusses
The main steps of the DNN model for estimating the ultimate load factor of steel trusses as follows: -Step 1: Definition of problem and generation of data Cross-sectional areas of structural members are considered as the inputs, while the ultimate load factor of the structure is the output. Generation of data starts by creating m input samples,
is the vector of structural cross-sectional areas. x i is the cross-section area of the structural member group i th which is generated randomly in the predefined range x lowb i , x upb i . Corresponding to each input vector X, the ultimate load factor of the structure, l f i , is calculated by using advanced analysis.
-Step 2: Data scale To improve the performance of the DNN training process, all the data is scaled down in the range (0,1] by using the "MinMaxScaler" method as follows:
All scaled data is now divided into two groups of training data set, (X train , Y train ), and test data set, (X test , Y test ). The training data and test data are used to develop and check the DNN model, respectively.
-Step 3: Definition of a DNN model structure The DNN model is developed using sequential model where the layers are defined from the input layer, through the hidden layers, to the output layer. In each layer, the number of units and the type of activation function are chosen. Notes that, the number of units in the input layer can be equal or different to the number of input variables, but the number in the output layer must be equal to the number of output variables. The activation function of each layer can be chosen as the same or different. The connections between the units in two adjacent layers are fully connected or using dropout to prevent overfitting in training the model. The number of hidden layers and units in each layer affect the computation time and accuracy of training model. Therefore, several values of number of hidden layers and units in each layer should be tried to find the acceptable DNN structure.
-Step 4: Compile and train the DNN model
To compile the DNN model, the loss function and optimizer are defined first. Some popular regression loss functions are mean_squared_error, mean_absolute_error, mean_absolute_perccent-age_error, etc. And, some optimizers are stochastic gradient descent (SGD), Adagrad, RMSprop, Adam, etc. Different loss functions and optimizers need to be tried in order to find the acceptable ones for the studied problem.
To train the DNN model, the 'fit()' function is used with the main parameters as: training data, test data, mini-batch, the number of epochs. The training and test data are presented in Step 2. Mini-batch method has been proposed as a way to speed-up the convergence of the model training by dividing the training data into several smaller batches and then training the model through these batches in turn. Epoch is a time that all training data is passed forward and backward through the neural network only once. The more epochs are used, the more the model is improved, up to a certain point where the model is converged and stops improving during each epoch.
After this step, the DNN model is obtained. It can be used for predicting the ultimate load factor of structure if a new input data is given.
Numerical examples
Epoch is a time that all training data is passed forward and backward through the neural network only once. The more epochs are used, the more the model is improved, up to a certain point where the model is converged and stops improving during each epoch.
After this step, the DNN model is obtained. It can be used for predicting the ultimate load factor of structure if a new input data is given. Fig. 4 shows the histogram of ultimate load-factor of the truss with the number of samples of 50,000.
and Keras are employed, while PAAP program [4] is used for performing advanced analysis. Fig. 4 shows the histogram of ultimate load-factor of the truss with the number of samples of 50,000. In the current section, parameters consisting of N h , N n , activation functions, optimizers are taken into consideration to investigate their influence on the accuracy of the DL model for estimation of the truss structure. It is noted that the accuracy of the DL model is evaluated by using average MSE in all training samples over 30 independent runs. In addition, the number of training and test data is chosen to be 5,000 and 10,000 respectively, and the number of epochs is fixed at 10,000 for all cases. In addition, it is noteworthy that training and test data are generated from advanced analyses of PAAP software with a similar computational time of approximately 10s for each sample.
Effect of the number of hidden layers and neurons
In this section, the effect of N h on the accuracy of the developed DL model is investigated by considering various N h , while the activation function is chosen to be LeakyReLU and the optimizer is selected to be Adam. N h is varied from 1 to 5, while N n is considered to be N i /2 (20) , N i , 2N i , 3N i , 4N i (N i is the number of input variables, N i = 39). Tables 1 and 2 present the average MSE for training and test data after 10,000 epochs, respectively. It appears from Table 1 that the accuracy of the training model significantly increases when N h increases from 1 to 5 with respect to the increase of N n (i.e., with N n increases from 20 to 156, the accuracy increases from 1.4 to 26.74 times, respectively). It is apparent that the DL model with N h equal to 5 always has the best accuracy in regression of the ultimate load factor regardless of N n . This means that when the number of hidden layers and nodes increase, the DNN model more well recognize the features of the data. It is observed from Table 2 that the accuracy of the DL model for test data is similar in all cases. This implies that the model is not overfitting, furthermore the number of layers can be chosen small such as 1, 2 or 3 layers and the number of nodes is in the range [N i , 3N i ] in the light of the accuracy of the model for test data. 
Effect of the activation function
In order to investigate the effect of activation functions on the performance of a developed DL model, five activation functions consisting of ELU, LeakyReLU, Sigmoid, Softplus, and Tanh are taken into consideration, where ELU and LeakyReLU are advanced activation functions. It is noted that N h is fixed at 3, while N n is 117 in all analyses since this case gives the best accuracy reported in Section 5.1. Figs. 5 and 6 display the comparison among various activation functions (in combination with the Adam optimizer) based on convergence history of MSE of the ultimate load factor of the truss corresponding to training and test data. As can see in Fig. 5, for training data, the model using Tanh has the best convergence rate, while the model using Sigmoid has the least convergence rate compared with other models. At the final iteration, the average MSE of the model using Tanh is smallest (1.55 × 10 −5 ), while the average MSEs of the models using ELU, LeakyReLU, and Softplus are close each other which is much lower than that of the model using Sigmoid. For test data, using Sigmoid has the smallest MSE among other activation functions as can be observed from Fig. 6 . Using Tanh activation function provides the highest MSE value compared to using other ones. It is noteworthy from Figs. 5 and 6 that the use of Sigmoid gives the worst results for training data but it provides the best accuracy for test data. 
Effect of the optimizer
In order to examine the influence of optimizers on the efficiency and accuracy of a developed DL model, five optimizers consisting of Adadelta, Adam, Nadam, RMSprop, and SGD are considered, while N h and N n are 3 and 117, respectively. Table 3 illustrates the comparison of various optimizers (in combination with the various activation functions) based on average MSEs of the ultimate load factor of the truss structure. It can be seen from this table that the combinations between activation functions and optimizers provide a high accuracy of the model for training and test data in most cases.
It appears that AdaDelta, Adam and Nadam can work well with all activation functions considered. However, Nadam produces higher MSE for test data than AdaDelta and Adam, while AdaDelta has greater MSE for training data than Adam and Nadam in all cases. SGD does not work well with Sigmoid and SoftPlus since they yield a high MSE for both training and test data. Similarly, RMSprop does not work well with Tanh. Adam optimizer has the lowest value of average MSE for training data regardless of the activation function used. This was also found by Lee et al. [25] for the linear 10-bar Optimizer  Train  Test  Train  Test  Train  Test  Train  Test  Train  Test   AdaDelta truss problem. In addition, the combination of Adam optimizer and Tanh activation function gives the best accuracy for training data. The combination of SGD optimizer and Tanh activation function provides the best accurate results for test data. On the other hand, it is also found that the computational times for training the DNN model for various activation functions and optimizers are almost similar to each other (approximately 400 seconds).
Conclusions
In the current study, an efficient method is proposed for estimation of nonlinear inelastic steel truss using DL algorithm, one of the most powerful branch of ML methods. Datasets include training and test data, which are collected from advanced analyses of steel truss. In this data, inputs are crosssections of members and the outputs are the ultimate load-factor of the truss structure. The number of training data is chosen to be 5,000, while the number of test data is 10,000 in datasets. A planar 39-bar steel truss is taken into account for demonstration of the performance of the DL algorithm. Based on the analysis results, it is demonstrated that DL has a very high accuracy in the regression of the ultimate load-factor of the nonlinear inelastic steel truss. Additionally, sensitivity analyses are carried out to investigate the influences of the number of hidden layers, the number of neurons in each layer, activation functions, and optimizers on the accuracy of DL algorithm for the regression of the ultimate load factor of this structure. It is concluded that most of combination of optimizers and activation functions give a high accuracy of the model. The number of layers can be selected with a small value such as 1, 2 or 3 layers and the number of nodes can be chosen in the range [N i , 3N i ] to reduce the running time but still have a high accuracy of the model. The activation functions ELU and LeakyReLU improve the convergence speed of the training process compared to Sigmoid, Softplus and Tanh. The optimizer Adam is recommended to use since it works well with all activation functions considered and produces the better MSE values with both training and test data.
